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We provide evidence on the influence of expectations and network effects on the timing of 
technological adoption. By considering a sample of SMEs operating in Italy we focus on the 
determinants of their decision to adopt Fast Ethernet, a communication standard for Local Area 
Networks (LANs). We find that both expectations and network effects significantly affect the 
timing of adoption. In particular, price expectations generally tend to delay adoption and 
(indirect) network effects in the form of backward compatibility as well as informational 
spillovers tend to foster adoption. Firm size also matters. 
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1. Introduction  
A huge body of both theoretical and empirical literature deals with the issue of 
innovation diffusion. Theoretical models offer predictions on the characteristics of early 
and late adopters who are expected to adopt. Empirical studies test these predictions. A 
common set of factors that are typically found to affect adoption at a point in time are 
firm size and R&D intensity. Most of the empirical studies tend to focus on the 
determinants of diffusion by actually providing evidence on the probability to adopt. A 
few empirical studies instead analyse the factors affecting the timing of adoption. 
 
Among the most important factors affecting timing of adoption there are price and 
technological expectations as well as network effects. Expected improvements in the 
innovation and/or the likelihood that it will experience improvements in the near future 
contribute to postpone adoption (Balcer and Lippman, 1984). Beside expectations, timing 
of adoption is also likely to be influenced by network effects (Church and Gandal, 2004). 
In the presence of network effects, the utility from adoption increases in the number of 
other adopters that purchase the innovation. Interdependence among adopters is a 
powerful source of positive feedbacks for adopters who must decide when to adopt, 
taking into account both the current network size and its perspectives for future growth. 
There is little empirical evidence on the impact of expectations on adoption, the only 
work being that of Weiss (1996), which provides empirical support to the hypothesis 
that technological expectations delay adoption. Many empirical studies look instead at 
the impact of the presence of network effects on timing of adoption. These studies 
generally rely on indirect measures of network effects such as network size (Dranove 
and Gandal, 2003; Gandal et al., 2000), or employ duration models to estimate the 
probability of transition from a non adopter to an adopter status (Saloner and Shepard, 
1995). 
 
This paper provides empirical evidence on the impact of expectations and network 
effects on timing of adoption. In particular, it considers the case of the adoption of Fast 
Ethernet, a high speed standard for Local Area Networks (LANs). The data used in this 
paper come from a survey of 128 small and medium size enterprises operating in Italy 
that have a LAN in place. The survey was carried out in December 2003 and was   3
intended to investigate the impact of expectations and network effects on the speed of 
LAN upgrade from the standard in place (Ethernet) to a faster though compatible 
standard (Fast Ethernet). The cross section provides information on when Fast Ethernet 
was adopted, the characteristics of the respondent firms such as size, type of activity, as 
well as information on the determinants of their adoption choices in general and with 
specific regard to the decision to upgrade their network. 
 
The econometric estimation enables us to study the determinants of differences of 
behaviour across the surveyed firms categorised with respect to when they first adopted 
Fast Ethernet (i.e. pioneers, early adopters, laggards). In particular, we address the 
following question: how did expectations and network effects influence the differentials 
in timing of Fast Ethernet adoption across the firms in our sample? Particular attention 
is devoted to the identification of the role played by different mechanisms underling 
network effects. We are able to directly measure the influence of different types of 
network effects on adoption behaviour and asses the way they impact on timing of 
adoption while controlling for sample selection bias. 
 
The structure of the paper is as follows. Next section reviews the existing empirical and 
theoretical contributions on expectations and network externalities as determinants of 
timing of technology adoption. Section 3 provides the background on the LAN 
technology and industry to put the case of Fast Ethernet adoption in context. Section 4 
describes the sample and the structure of our survey. Section 5 presents the empirical 
models and the results. Conclusions and limitations of the paper are discussed in Section 
6. 
 
2. Expectations, network effects and timing of adoption: a literature review 
What influences the timing of adoption of a new technology? The existing literature on 
innovation draws different conclusions on the factors affecting adoption, on the basis of 
the assumptions and the viewpoint taken by each specific model. Equilibrium models 
for instance, consider the case of heterogeneous potential adopters who are informed on 
the existence of the technology and evaluate the opportunity of adoption by comparing   4
gross benefits and costs from the acquisition.1 Individual adoption occurs, if benefits 
exceed adoption costs. If decisions are taken in sequence, a diffusion path emerges 
which can be determined as the outcome of a series of individual decisions. Indeed, the 
theoretical literature typically identifies the factors that characterise early and late 
decisions. Changes in the costs and/or benefits from adoption are necessary to ensure 
that adoptions occur in sequence.  
 
The individual timing of adoption depends on how gross benefits and adoption costs 
are distributed across potential adopters. For instance, if all adopters have the same 
adoption costs at a point in time, it is reasonable to expect firms that gain the highest 
benefits to be the early adopters and those who gain less to be laggards. If, instead, 
benefits are the same and invariant across the population of firms we expect firms with 
the lowest costs to be the pioneers. Different variants of this basic model exist in the 
literature. Contributions vary according to the attention placed on specific factors 
affecting adoption costs and benefits and their rate of change.  
 
Within this theoretical set up, empirical studies focus on the probability of a firm having 
adopted an innovation by a given time. For instance, low acquisition costs and decreases 
in such costs tend to increase adoption probability (Ireland and Stoneman, 1983; David 
and Olsen, 1986). Firm size increases the probability too, either by increasing the extent 
of returns from innovation (David, 1969), or by improving returns to scale (Davies, 
1979). R&D expenditures as an indicator of absorptive capacity for the new technology 
have also been considered an important determinant of adoption. Firms that perform 
more R&D are highly receptive to a new technology and have a higher probability to 
adopt than those that carry out less R&D (Cohen and Levinthal, 1989). 
 
Both firm size and R&D expenditures are easily measurable and stable over time. Being 
relatively time invariant factors, they can be used to characterise early and late adopters 
with respect to their probability to adopt. Other factors are less time invariant and tend 
to affect the timing of adoption rather than the probability to adopt at a point in time. For 
instance, consider price and technological expectations. The paramount role of   5
expectations in influencing timing of adoption has been explicitly recognised since the 
seminal contribution of Rosenberg (1976).  Potential adopters may delay adoption if they 
expect the price of innovation to decline in the near future. Moreover, waiting for ‘bugs 
to be fixed’, prototypes to be refined and more in general technical improvements to 
occur can be another important source of delay. These intuitions have been successfully 
confirmed and incorporated into formal models of adoption (Balcer and Lippman, 1984). 
Empirical evidence on the effects of expectations on timing of adoption is rather scarce. 
Weiss (1996) empirically tests the predictions of the model of Balcer and Lippman on a 
sample of firms considering the adoption of surface mount technology, a process 
innovation for assembling circuit boards. He finds that technological expectations in the 
form of greater expected improvements tend to delay adoption and contribute to stall 
the diffusion of this specific process innovation.  
 
The time, rather than the probability, of adoption may also depend on the technology to 
be used alongside another technology and/or the adopter becoming part of a network of 
users. Two types of networks are generally identified in the literature: direct and 
indirect networks.  Direct networks arise when adopters become part of a network by 
purchasing a product that provides a (direct) connection between the adopter and other 
users who bought the same product.  Being able to interact directly with other users is 
the main source of utility adopters can gain from adopting. Typical examples of direct 
networks are the telephone exchange and the fax. In the case of indirect networks, 
adopters gain utility from the joint consumption of two components that interact to form 
a system. In this case, the product (hardware component) has no direct value for the 
adopter unless it is used in combination with another product (software component); 
here vertical compatibility (between the system components) matters. Examples of 
indirect network can be found in the field of computing (operating systems and 
application software) and consumer electronics (video cassette systems, compact disks).   
 
Both network types are characterised by the presence of a network effect. A network effect 
exists “if the value [of adopting a system component] increases in the number of other 
adopters that (ultimately) join the network by purchasing compatible products” (Church   6
and Gandal, 2004; p.4). The source of benefits from the network effect is the same in both 
types of network and positively depends on the size of the network when adoption 
occurs. The larger the network, the greater are the benefits from adoption. The 
mechanisms of transmission of the benefits instead vary according to the type of network. 
Indeed network size can be a measure of different mechanisms of transmission of the 
network effect.  
 
In the case of direct network effect, network size approximates the adopter’s desire for 
horizontal compatibility. Having a large network of compatible mobile phone users for 
instance makes new users more likely to join. When the network effect is indirect, 
network size can be a proxy for the availability of complementary components of the 
technical system. In this case network effects are physical in the sense that they require 
compatibility between the hardware and the software components of the system to 
operate. The physical network effect is particularly strong when adopters’ desire for 
vertical compatibility and/or variety is high. To the extent that the hardware component 
is compatible with a wide range of software components, a larger installed base of 
hardware is an indication of higher benefits for adopters who have a strong preference 
for variety. System components may undergo technical change. However, as long as 
backward compatibility is maintained, the network effect ensures that utility from the 
consumption increases. As we will argue in the next section, this is what happened 
when Fast Ethernet was introduced in the LAN industry.  
 
Besides being a proxy for desire of horizontal and/or vertical compatibility, network 
size is also an indicator of the past behaviour of existing users and manufacturers. At a 
specific point in time, network size conveys to potential adopters information about the 
characteristics of the technology and the payoff from its adoption, which help firms to 
make inference on the opportunity to adopt it. In this case network effects are virtual and 
can be understood as a particular mechanism for conveying learning spillovers. Physical 
and virtual effects may be combined, as in the model by Choi (1997). In this model, 
uncertainty exists on the payoffs from adoption and firms make irreversible 
commitment to one technology by choosing in sequence between two alternatives.   7
Within this context, Choi shows that the combination of virtual and physical effects may 
have ambiguous effects on the timing of adoption of a new technology. On the one 
hand, informational spillovers from previous adopters encourage further adoption by 
those who prefer to imitate to avoid the risk of choosing an alternative with a lower 
payoff. On the other hand spillovers may be a source of inertia.  If early adopters are 
aware of being a source of spillovers, they may delay adoption to avoid the risk of being 
stranded if, by choosing the other alternative, followers end up enjoying a higher payoff 
than the known one.  
 
Empirical studies of network effects and diffusion generally fall within two main 
categories. In the first category there are aggregate (industry) level studies. These studies 
typically confirm that the presence of network effects foster technology diffusion. They 
usually rely on network size as an indicator of the existence of network effects. As a 
consequence, they are generally incapable of singling out the effect on different 
mechanisms underlying the two types of network effects. Neither do they explicitly 
address the issue of the determinants of the timing of adoption at the individual firm 
level.  
 
More interesting for the scope of this paper is the second category: micro (firm) level 
studies. These contributions employ a variety of econometric approaches to investigate 
network effects as determinants either of the speed of diffusion, or of the choice among 
alternative technologies at the individual firm level.  Saloner and Shepard (1995) employ 
duration models to study the diffusion of ATM on a sample of banks in US. They find 
that banks with many branches, a proxy for the (indirect) network effect, generally 
adopt ATM machines earlier than banks with fewer branches. Gowrisankaran and 
Stavins (2002) study the role of network effects in influencing the adoption of automated 
clearing houses payment systems by a sample of US banks. They find that adoption is 
positively influenced by the number of banks who have adopted the same technology 
(direct network effect) as well as, although to a lesser extent, by the number of users of 
the payment system (indirect virtual effect). Augereau (1999) analyses the adoption of 
56K modems by ISPs in US.  She finds that, controlling for firms heterogeneity, the   8
probability to adopt a certain type of modem increases in the market share of the 
modem type, therefore providing support for the presence of (indirect) network effects. 
Finally, Klenow and Goolsbee (1999) consider the diffusion of personal computers across 
US households. They find a positive relationship between the probability to adopt and 
the (mean) number of adopters in the same metropolitan area. When trying to assess the 
contribution of different sources of network effects on this result, they find that these 
positive effects are more likely to be explained by learning spillovers (i.e. virtual effects) 
rather than by the use of specific software or by other local effects such as local prices 
and/or peer pressure. A summary of selected contributions for both categories of 
studies is reported in Table I below.2 
 
{Insert Table I approximately here} 
 
This paper takes a micro level approach to study the impact of expectations and network 
effects on adoption. It considers a cross section of SMEs and identifies several proxies of 
network effects in order to be able to disentangle the impact of direct and indirect 
network effects.  In the next section we provide a description of the LAN industry and 
technology and we identify why network effects and expectations are important 
determinants of the decision to adopt.   
    
3. Background on the LAN industry and technology 
Local Area Networks (LANs) are technical systems that form the infrastructure 
connecting PCs, workstations and peripherals across a single or several company sites 
within an area of relative small dimensions. Being technical systems, LANs are made up 
of different hardware pieces (i.e. adapter cards, hubs, switches and routers) each of them 
carrying out a specific function for the purpose of exchanging data. The rules and the 
speed at which data are exchanged are defined by communication standards (i.e. 
Ethernet, Token Ring, and Fast Ethernet). LANs started diffusing in firm environments 
from mid-1970s and since then several standards have characterised the evolution of 
LAN technology during different phases in the diffusion of LANs (Christensen et al., 
1995). During the 1980s Ethernet became the dominant standard (von Burg, 2001).  As a   9
high speed upgrade to Ethernet, Fast Ethernet was officially standardised in 1993 and 
became the dominant high speed LAN standard between 1995 and 1998. Figure I below 
plots the diffusion curve for the standard in the North America market.  
 
{Insert Figure I approximately here} 
 
Data report Fast Ethernet shipments for two main categories of LAN equipment (hubs 
and switches). Fast Ethernet was first implemented in hub equipment but its diffusion 
received a significant boost with the arrival of switches which currently continue to 
support the growth, while hubs have become obsolete. This paper analyses the 
determinants of Fast Ethernet diffusion. In particular we focus on three factors: (indirect) 
network effects, expectations and switching costs. 
 
Indirect (physical) network effects are important because, to become viable, Fast 
Ethernet requires to be embedded in components of the ‘enabling LAN infrastructure’, 
such as hubs and switches. Being ‘physically’ compatible with Ethernet makes Fast 
Ethernet appealing for buyers and attracts high support from manufacturers of both 
hubs and switches. Wide component availability in turn triggers fast price decline and 
contributes to make the standard popular. Alongside physical indirect effect, learning 
effects can also influence adoption. Although Fast Ethernet is a non proprietary 
standard, its implementation (i.e. setting-up and connection) and management (i.e. 
configuration and troubleshooting) is carried out by specific software packages. These 
packages are ‘vendor specific’ and sometimes incompatible across manufacturers. 
Learning how to use the software to perform these activities takes time and requires 
training. Forman and Chen (2004) provide evidence on the impact of learning on LAN 
equipment adoption. In particular they find that, after learning how to use software 
from a specific manufacturer, firms become more likely to continue purchasing 
equipment from the same manufacturer rather than to switch and incur the costs of 
retraining. Previous use of vendor specific software generates a powerful network effect 
that can affect adoption. Rather than deriving from physical compatibility, this effect   10
depends on previous learning. It is, so to speak, ‘virtual’ in the sense defined in Section 2 
above.   
 
Both price and technological expectations also affect the decision to adopt Fast Ethernet. 
The arrival of switches has been accompanied by a dramatic fall in equipment prices. 
Expectations of further price decline may induce firms that have not yet adopted to 
further defer adoption. Moreover, today Fast Ethernet is a mature and established 
standard. Its characteristics are known and the technology fully developed. The 
existence of another alternative (Gigabit Ethernet) in competition with Fast Ethernet can 
affect the decision to adopt. Gigabit Ethernet is the third generation upgrade to Ethernet. 
It is backward compatible with both Ethernet and Fast Ethernet and runs at 1000Mbps a 
hundredfold increase in speed with respect to Ethernet (Cheng et al. 2005). Gigabit 
Ethernet is now fully available in the market, but its commercialisation had just started 
when our survey was conducted. For those firms that had not yet upgraded their LANs, 
Gigabit Ethernet could represent an alternative to Fast Ethernet. Expectations of its 
availability could have influenced the timing of upgrade. 
 
Finally switching costs matter because buyers of LAN standards typically need to make 
physical changes to their LAN architecture. Adopting a standard may require firms to 
change existing facilities such as existing wiring and cabling (i.e. from copper wire to 
fibre), move computers, and reconfiguring existing portions of the network. High 
switching costs are typically associated to slower adoption.  
 
The variables intended to capture these effects will be presented in Section 5. Next 
section will present the sample and explain how the survey was carried out. 
 
4. Sample description and descriptive evidence 
The analysis in this paper focuses on a sample of SMEs in Italy. In particular, it relies on 
a survey of 128 SMEs that have a LAN in place. These firms operate in the computing 
service industry (NACE 72). The sample was chosen from the AIDA Dataset that 
contains balance sheet information on firms operating in Italy. We selected firms in the   11
computing service industry, since we believe that high-tech firms should be more 
inclined to use new technologies. In December 2003, telephone interviews were carried 
out with the purpose of understanding what were the standards and the type of 
equipment in place, as well as of identifying the factors affecting the decision to adopt 
new ones.  
 
For the survey methodology we followed the ‘key informant’ methodology described in 
Weiss (1996) aimed at interviewing those people who have a key role in all decision 
making related to LAN equipment. In particular, interviews were specifically targeted to 
the personnel in charge of the firm IT budget such as Chief Information Officers or, 
being the sample made of SMEs, network and/or telecommunications managers. We 
collected 98 completed questionnaires, which gave us a fairly high response rate (77%).   
 
The survey is made of 25 questions and structured in four sections. Section A aims at 
collecting general information about firms in terms of sector of activity, location, size 
and revenues. Section B focuses on the technological endowment of firms – in terms of 
network type (Internetwork, LAN, WAN), number of nodes, type of equipment (i.e. 
hubs and switches) as well as applications (i.e. client server, email, intranet etc.) in place 
– and on the costs of acquiring and upgrading the network in terms of human resources 
and physical investments. Section C analyses objectives, determinants and obstacles to 
technology adoption, as well as the expectations of firms in terms of price and 
technological improvements. Section D examines the characteristics of adoption 
processes, also in relation to the existence of network effects and to the features of the 
market.  
 
A specific question in the survey asked respondents to report how many months before 
the survey they first adopted each equipment and standard currently deployed in their 
network. Four different options were given: a) Less than 12 months before being 
surveyed, b) Between 12 and 18 months, c) Between 19 and 24 months, d) More than 24 
months. Table II reports the number of adopters by standard and timing of first 
adoption.    12
 
{Insert Table II approximately here} 
 
As expected, the most common standards are Ethernet and Fast Ethernet adopted by 
87% and 76% of firms in our sample. Token Ring (24%) as well as FDDI (12%) and ATM 
(2%), two high speed standards in competition with Fast Ethernet, are less adopted. 
Table III reports information on the characteristics of the firms in our sample.  
 
{Insert Table III approximately here} 
 
Overall these figures confirm that the majority of firms in our sample are SMEs (73% of 
respondents have less than 500 employees) with small LANs in place (82% of firms have 
less than 100 nodes connected). Although all firms are located in Italy, the majority of 
them (56%) have an international profile (i.e. they are subsidiaries or units of 
multinational corporations). From Table III we can also gain preliminary insights on the 
relationship between firms’ characteristics and the pattern of Ethernet and Fast Ethernet 
adoption. The majority of Ethernet and Fast Ethernet adoption occurred between 18 and 
24 months before the survey took place irrespectively from firms’ characteristics. As 
argued in the previous section Ethernet and Fast Ethernet are the most common 
standards in the LAN environment. Moreover, both standards have been in the market 
for a while, so that it is not surprising that they were adopted relatively early.3  
It is interesting to investigate whether there is a relationship between Fast Ethernet 
adoption and previous use of Ethernet, in particular if having adopted Ethernet affected 
the timing of Fast Ethernet adoption.  In the next section we will explore this possibility. 
   
5. The empirical analysis of Fast Ethernet adoption 
In this section, we take a micro level perspective to study the factors affecting the speed 
of Fast Ethernet adoption. As argued in the previous section, 76% of the firms in our 
sample adopted Fast Ethernet. A slight majority of them (52%) adopted Fast Ethernet 
after Ethernet. Given the high compatibility between Ethernet and Fast Ethernet it could 
be expected for these firms to prefer Fast Ethernet to the alternatives as high speed   13
upgrade for their LANs. However, 47 (48%) firms in our sample behaved differently. 24 
firms adopted Fast Ethernet before adopting Ethernet and 23 had not adopted Fast 
Ethernet when the survey was carried out, although they had Ethernet in place. In this 
section we investigate the determinants of this heterogeneity. In particular, we address 
the following question: how did expectations and network effects influence the 
differentials in the timing of Fast Ethernet adoption across firms in our sample?  
 
5.1 Sample selection bias 
In order to answer our research question, we use information on firms that were current 
users of Fast Ethernet at the time the survey was carried out. To these firms we can 
assign a specific status according to the speed at which adoption occurred. In particular, 
we classify firms as Pioneers (those that adopted Fast Ethernet before Ethernet), Early 
adopters (those that adopted Fast Ethernet within 12 months from the first adoption of 
Ethernet), Laggards (those that took more than 12 months to upgrade from Ethernet to 
Fast Ethernet), Non adopters (those that have adopted Ethernet, but not yet upgraded to 
fast Ethernet).4 On the basis of this classification we can create a variable STATUS that 
takes the value of (0) if the firm is a Pioneer, (1) if the firm is an Early adopter, (2) if the 
firm is a Laggard, (3) if the firm is a Non adopter. It may be argued that, Non adopters are 
not current users of Fast Ethernet and should not be included in the same group as 
Pioneers, Early adopters and Laggards. However, using only information on the sub-
sample of adopters may introduce a sample selection bias. To eliminate the potential 
source of misspecification, we opt for a two-step estimation model similar to Heckman 
Procedure for selection bias (Heckman, 1979). In the first step, we use a binary response 
model to explain the probability of adopting Fast Ethernet as a function of a series of 
independent variables. In the second step, we focus only on current users to look at the 
determinants of the timing of adoption, as summarised by the variable STATUS. Here 
the inverse Mills’ ratio from the first stage is used to correct for the selection bias. 
 
5.2 The variables 
We identify three types of independent variables. 
Physical network effects    14
Physical network effects are associated to the availability of complementary equipment 
in the market as well as to the degree of compatibility between the currently deployed 
standard and the alternative to be chosen. As argued above, many firms that adopted 
Fast Ethernet had previously adopted Ethernet. To understand whether this previous 
status may have influenced the timing of Fast Ethernet adoption, we asked respondents 
to measure on a four points scale the importance of backward compatibility when 
planning a migration to a new standard and/or technology.  Responses were used to 
construct the variable TECHCOMP that varies between 1 (“not at all important”) and 4 
(“very important”). We expect a high likelihood to adopt early for firms that score high 
on this variable.  
 
‘Virtual’ network effects 
As argued in Section 2, virtual network effects are mainly generated by information 
spillovers about the technology and the payoff from its adoption. Spillovers may arise 
from the size of the existing network of Fast Ethernet adopters, the rationale being that, 
by observing past behaviours, firms draw information about the characteristics of Fast 
Ethernet and the opportunity to upgrade. To capture the effect of spillovers from past 
adoption, we asked a firm to report how desirable is to be compatible with most of the 
other firms when buying a new product supporting a specific standard. Four possible 
options were given ranging from “not at all desirable” to “extremely desirable”. The 
variable BANDWG that varies from 1 (“not at all desirable”) to 4 (“extremely desirable”) 
categorises the responses. This type of spillover may speed up or delay adoption.  
 
In Section 3 we also argued that adoption can be influenced by the extent of previous 
learning accumulated in the use of software to manage the network, particularly when 
this software is ‘vendor specific’. To capture this influence on the speed of upgrade, we 
asked firms to report how important it is to buy from a vendor with whom the firm has 
entertained commercial relationships in the past. Again responses were coded on a four 
point scale (with “not at all important” and “extremely important” as anchor points) and 
were used to construct the variable VENDCOMP that varies between 1 and 4. Firms that 
score high on this variable show a preference for vendor compatibility. This preference   15
can either speed up or delay adoption in those cases in which buyers do not want to run 
the risk of being locked-in to a specific vendor.  We do not make hypotheses on the 
direction of the impact of this effect on timing of adoption. 
 
Expectations 
We distinguish between two types of expectations: price expectations and technological 
expectations.  To capture the influence of price expectations on the decision to adopt, we 
asked firms to assess on a four points scale (with “not at all influential” and “highly 
influential” as anchor points) the extent to what ‘waiting for the price of the technology 
to decline’ was influential on their decision to migrate to the new technology. We then 
used the responses to construct the variable PRICEEXP that varies between 1 and 4.  
By the same token, the role of technological expectations was assessed by asking firms to 
rate on the same type of scale to what extent ‘waiting for the technology to mature’ was 
influential and by constructing the variable TECHEXP that varies between 1 and 4. On 
the basis of the existing theoretical as well as empirical literature we expect, in both 
cases, that firms with a higher score are more likely to delay adoption.  
 
Additional variables 
In the selection equation, we control for two additional determinants of adoption: firm 
size and switching costs.  Firm size is expected to play an important role in adoption for 
at least two reasons. First, as stressed in Section 2, larger firms have generally more 
resources to invest, may enjoy higher returns from adoption and are usually more prone 
to risk. Second, the larger the firm, the wider the network currently in use and the more 
likely it is that congestion will be experienced. Demand for high speed standard such as 
Fast Ethernet is higher in highly congested networks. We should therefore expect larger 
firms to have a higher probability of adoption.  Our measure of size is the firm annual 
revenues in the latest year preceding the survey. We identified six possible intervals and 
asked firms to select one of them. Our measure SIZE is a variable that varies between 1 
(“annual revenue ≤  50K euros”) and 6 (“annual revenue > 10milion euros”). 
   16
As argued in Section 3, switching costs may also affect Fast Ethernet adoption. We have 
identified three cost components of running a LAN: Capital Equipment costs deriving 
from the purchase of the hardware necessary to implement the standards (i.e. hubs, 
switches, routers); Facilities costs (i.e. costs for wiring/cabling, equipment and software 
maintenance); Personnel/Human capital costs (i.e. costs for network design and 
management support and training). We asked firms to give an estimate of the share of 
each component over the total. SWCOST is a variable that considers the sum of the share 
of capital and personnel costs. We expect firms with higher switching cost to have a 
lower likelihood to adopt. 
 
Descriptive statistics are reported in the Appendix. 
 
5.3 Results 
98 firms answered the questionnaire (24 Pioneers, 37 Early adopters, 14 Laggards and 23 
Non adopters). As mentioned above, before proceeding with the estimation we must 
account for sample selection bias. Our selection equation can be written as follows: 
 
) _ ( 2 , 1 , 0 1
) _ ( 3 0
'
*
user Current STATUS if Z








    (1),   
 
where Zij is a latent variable taking the value 0 if the firm is a Non adopter and the 1 if the 
firms is a current user (i.e. either a Pioneer, or an Early adopter, or a Laggard). Wi is a 
vector of determinants of adoption and ui is a residual which we consider to be 
distributed as a Logistic.5 The determinants of adoption are those outlined in Section 5.2 
above and thus capture the influence of network effects, expectations, costs and size. In 
particular we expect size to play an important role in determining adoption. Table IV 
below reports the estimates of the selection equation. 
 
{Insert Table IV approximately here} 
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Results indicate that price expectations have a strong and negative impact on the 
probability to adopt, a result which is consistent with the literature reviewed in Section 2 
predicting that expectations of future price decline are generally associated to adoption 
delays and/or non adoption. BANDWG has a positive and significant coefficient, 
suggesting that preference for compatibility with other firms increases the probability of 
adoption. As expected, SIZE is an important driver of adoption although the significance 
level of the coefficient is not very high  Large firms have a higher probability of adopting 
Fast Ethernet.6 The coefficient of SWCOST, our proxy for the total cost of running the 
network, is negative, thus suggesting that high switching costs decrease the likelihood of 
adoption. Although consistent with the theory predicting that switching costs are an 
important source of inertia in adoption, the coefficient is not significant.  
 
Having examined the factors affecting the probability to adopt, we then study the 
determinants of the timing of adoption. First, we estimate an Ordered Logistic and an 
Ordered Probit model. Second, we control for the robustness of our findings by carrying 
out Generalised Ordered Logistic and Multinomial Logistic estimations. We employ as 
covariates the same explanatory variables used in the estimation of the selection 
equation with the exclusion of SIZE and SWCOST and the inclusion of TECHCOMP.7 
We control for sample selection bias by incorporating the estimates of the inverse Mills’ 
ratio (MILLS). In particular, to assess the role of selection bias, for each model we 
estimate two specifications, with and without the inverse Mills’ ratio. In the case of the 
Ordered Logistic, we estimate the following equation: 
 
() ( ) ( )













, for j = 0, 1, 2        (2), 
 
Y is the dependent variable (i.e. STATUS) which now does not include 23 Non adopter 
firms. This leaves us with 75 observations. X is the vector of the determinants of the 
timing of adoption. The results of the Ordered Logistic and Ordered Probit estimations 
are reported in Table V below.  
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{Insert Table V approximately here} 
 
A comparison of the estimations with and without correcting for selection bias clearly 
highlights the correlation between adoption and timing of adoption. When MILLS is not 
included none of the explanatory variables is statistically significant. Indeed, both Model 
2 and Model 4 perform badly. When MILLS is included, as in Model 3 and Model 5, the 
variable is statistically significant. This is an indication that correcting for sample 
selection bias is important both from the conceptual and from the statistical viewpoint. 
Unless we control for adoption, the estimated coefficients of the explanatory variables of 
the timing equation turn out to be biased. This suggests that the decision to upgrade 
from Ethernet to Fast Ethernet and timing of adoption are not disjointed.  
 
The estimation results from the Ordered Logistic model after controlling for selection 
bias show that price expectations and virtual network effects significantly impact on 
timing of adoption. In particular, the positive coefficient for PRICEEXP suggests that 
firms that take into account future price declines in their decision to adopt Fast Ethernet 
tend to delay adoption. This result is consistent with the existing theoretical and 
empirical literature (reviewed in Section 2) on the impact of expectations on the speed of 
adoption. The negative coefficient for BANDWG, our measure of firms’ preference for 
compatibility with other firms, indicates that a high preference for compatibility with 
other firms tends to speed up adoption. This result suggests that informational 
spillovers speed up adoption. It is worth remembering, however, that in principle 
spillovers may also delay adoption in those cases in which firms do not want to reveal 
the payoff from adoption and/or the characteristics of the technology for fear of being 
stranded by subsequent adopters. Our data do not seem to capture this effect.  This is 
probably due to the fact that, at the time of the survey, Fast Ethernet was a mature 
standard with known characteristics and payoff from adoption. Results from the 
Ordered Probit estimation (Model 5) generally mirror those from the Ordered Logistic 
regression with the only exception of the coefficient for BANDWG that gains 
significance.  
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Altogether, our results stress that both expectations and network effects are important 
determinants of the speed of upgrading. However, the evidence we found is quite 
mixed. Anticipating technological improvements does not seem to significantly 
influence timing of adoption as the coefficient on TECHEXP shows. Again, this follows 
from Fast Ethernet being a mature technology, which is less likely to experience further 
improvements in the near future. Moreover, VENDCOMP, our second proxy for virtual 
network effects, and TECHCOMP, our proxy for physical network effects are never 
significant. We explore the robustness of our results by running two additional models: 
a Generalised Ordered Logistic (GoLogit) and a Multinomial Logistic. 
 
The choice of the GoLogit specification (Fu, 1998) stems from the desire to overcome a 
typical restriction of the Ordered Logistic estimates, which rely on the ‘proportional 
odds assumption’ and provide a unique estimate for each covariate as if coefficients 
were constrained to be the same across firm STATUS.8 Since we are interested in 
explaining heterogeneity in firm behaviour, we would like to be able to single out the 
determinants of differences of behaviour across categories of adopters. The GoLogit 
specification reveals the multi-equation nature of the ordered logistic approach and 
allows us to contrast the effects of the covariates on the probability of adoption for the 
different categories of respondents. The model we estimate is the following: 
 
() () ( )












= = > , for j = 0, …, M     (3) 
 
It can be noted that both the Ordered Logistic model and the Logistic regression model 
are special cases of the GoLogit model. When M=1 the GoLogit is equivalent to the 
Logistic regression model. Also the formula for the Ordered Logistic model (see 
equation 2) is similar to the GoLogit except that in the latter both Alphas and Betas have 
subscripts. 
 
Results from the GoLogit estimation are reported in the first two columns of Table VI 
below. 9 Positive coefficients indicate that higher values of the covariate make it more   20
likely that the firm will be in a higher category of the variable STATUS than the current 
one. Negative coefficients indicate that higher values of the covariate increase the 
likelihood of being in the current or lower category.  
 
{Insert Table VI approximately here} 
 
The first column of Table VI contrasts Pioneers with Early adopters and Laggards. The 
second column contrasts Pioneers and Early adopters with Laggards. Concerning 
expectations, firms that take into account future price declines in their decision to adopt 
Fast Ethernet are more likely to be Early adopters or Laggards rather than Pioneers, as 
shown by the positive and significant coefficient of PRICEEXP in column one. Again, 
technological expectations do not seem to significantly influence timing of adoption. 
Concerning virtual network effects, BANDWG, our measure of firms’ preference for 
compatibility with other firms, is negative and significant, therefore confirming that a 
high preference for compatibility with other firms speeds up adoption. Both results 
confirm our previous findings from the Ordered Logistic estimation. The coefficient of 
VENDCOMP, is negative and significant (see column one). This result suggests that 
preference for vendor compatibility speeds up adoption. Our interpretation is as 
follows. Purchasing from the same vendor enables firms to leverage on past learning, 
especially when product features are vendor specific. Relying on past learning in turn 
increases the speed of upgrading. As a consequence, a high preference for vendor 
compatibility decreases the likelihood of being Early adopters or Laggards.10 Finally, the 
coefficient of TECHCOMP, our proxy for physical network effects, is negative and 
significant only when Pioneers and Early adopters are contrasted with Laggards (see 
column two). Recall that this variable measures the importance of maintaining backward 
compatibility when migrating to a new standard. These results suggest that firms with a 
high preference for backward compatibility have a lower probability of being Laggards. 
Overall, it can be argued that preference for (vertical) backward compatibility generally 
tends to speed up adoption. This result is somewhat expected given the compatibility 
between Ethernet and Fast Ethernet.  
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We can compare our GoLogit estimations with the estimates from a Multinomial 
Logistic model. Given that our dependent variable STATUS is inherently ordered, a 
Multinomial Logistic estimation is less appropriate than the GoLogit. However, it 
provides separate coefficients for each covariate allowing us to further check our results. 
In this case, positive coefficients indicate that higher values of the covariate make it 
more likely that the firm will be in the current category of the variable STATUS. 
Negative coefficients indicate that higher values of the covariate decrease the likelihood 
of being in the current category of the variable STATUS. The third column of Table VI 
summarises the results from the comparison between Pioneers and the Laggards. Results 
are similar to previous results from the GoLogit.  Spillovers linked to vendor 
compatibility and bandwagon effect speed up adoption by increasing the probability of 
being Pioneers. Price expectations instead delay adoption. When we compare Early 
adopters and Laggards (see column four), it is interesting to note that only physical 
network effects matter. In particular, firms with a high preference for backward 
compatibility have a higher probability of being Early adopters.  
 
All in all, the results from our exploratory sensitivity analysis seem to confirm the 
estimates from our previous models concerning the importance of price expectations 
and ‘spillovers induced’ virtual network effects. However, by providing separate 
coefficients for each category of adopters, these models enable us to gain additional 
insights on the determinants of the timing of adoption. In particular, vendor 
compatibility and physical network effects seem to become significant only for certain 
categories of firms (Pioneers and Early adopters).   
 
6. Conclusions 
This paper took a firm level approach to study the factors affecting the timing of 
adoption of Fast Ethernet, a high speed LAN standard. Relying on a detailed survey of 
128 SMEs active in the computer service industry in Italy, we were able to collect 
information on both the technologies in use and the determinants of adoption decisions 
by LAN managers. The information was used to study the impact of expectations and   22
network effects on timing of adoption of different types of firms categorised by speed of 
adoption. Controlling for sample selection bias, the following results were found.   
 
First, we provided evidence to support the hypothesis that expectations generally tend 
to delay adoption. This confirms the conclusions of the existing theoretical literature on 
the subject, as well as of the previous empirical study carried out by Weiss (1996), 
although in our case it is price rather than technological expectations that seem to play 
the most important role.  Second, we presented two pieces of evidence on the impact of 
network effects on timing of adoption. First, we found that indirect network effects 
impact significantly on timing of Fast Ethernet adoption. Second, the level of detail of 
our survey enabled us to distinguish different types of indirect network effect. We found 
that virtual network effects generally speed up adoption. In particular, our findings 
suggest that the presence of informational spillovers from other adopters speeds up 
adoption of any category of firms, and that spillovers from vendors positively impact 
only on Early adopters. Preference for backward (vertical) compatibility also speeds up 
adoption, therefore supporting the view that in technical systems physical indirect 
network effects matter for adoption. Finally, in the sample selection equation, we also 
found that large firms are more likely to adopt.  
 
Although promising and encouraging, especially given the scanty existing empirical 
evidence on the role of expectations, these preliminary findings are subject to some 
limitations. First, we have 98 firms in our sample, not a large number. Even if this 
number is comparable to previous studies in the field that adopted a similar 
methodology (Weiss, 1996), it constrains the number of independent variables that can 
be used in the estimations. An attempt to extend the sample by surveying more firms is 
currently being carried out. Working on a larger sample of firms would allow us to 
control for firm specific effects, other than size, that may influence the speed of 
upgrading such as firm competencies. Second, the survey targeted firms from the 
computer service industry (NACE 72) only.  These are generally high tech firms with a 
high propensity to adopt new technologies. As a consequence, our results may have 
over-sampled the number of Fast Ethernet adopters. Moreover, if patterns of adoption   23
are sectoral specific, as previous studies highlighted (Windrum and de Berranger, 2003), 
we should expect firms from low tech sectors to behave differently. Extending the 
survey to low-medium tech industries would help to explore further this issue. Finally, 
this paper considered the case of two mature standards. Ethernet has been the dominant 
standard for LANs since the end of the 1980s, Fast Ethernet has been commercialised 
since mid 1990s. It may be argued that focussing on the decision to adopt a mature 
standard may lead to an underestimation of the role of technological expectations as 
determinants of the speed of upgrading as indeed we found.  While this choice does not 
affect the relevance of the results with respect to the differences we found across the 
different categories of adopters, focusing on less mature standards may bring different 
results, particularly concerning the role of technological vis-à-vis price expectations as 
determinants of the speed of upgrade.  We will explore all these issues further in future 
work.  
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1 Several surveys of equilibrium diffusion models exist in the literature (Stoneman, 1983; Dosi, 1991). For 
this short review, we follow Stoneman (2002). 
2 Empirical research on network effects has been growing over the last decade. The table highlights only a 
selection of empirical contributions and the indicators that have been used as proxies for the network effect. 
It does not aim at being exhaustive. 
3 Additional information reveals that client server applications (81%), intranet and extranet developments 
(30% and 32% respectively) followed by emails (22%) were the most important drivers of firms’ decision to 
adopt new LAN standards and equipment. 
4 This classification is clearly inspired by Rogers (2003), who identifies five ‘ideal types’ of adopters 
(Innovators, Early adopters, Early majority, Late majority and Laggards). However, while Roger’s 
distinction is done on the basis of sociological as well as behavioural attitudes toward innovation, our 
distinction is not driven by the same concerns.  
5 Another possibility is that the residual is distributed as a Probit. Both the Logit and the Probit distribution 
are symmetric, bell shaped, and widely used in the literature on innovation diffusion (see Davies, 1979). In 
this case we have found that the Logit specification is preferred and we report on this.  
6 This result holds when using alternative proxies for size such as the number of employees, the number of 
connected network nodes, and the number of connected company sites. Bigger firms have larger networks 
in place and are more likely to experience congestion problems. Upgrading to Fast Ethernet is a way of 
reducing congestion.  
7 SIZE and SWCOST are excluded to ensure some variability between the two steps of the model, in order to 
reduce simultaneity problems leading to possible spurious significance of sample selection effects 
(Stoneman and Battisti, 2003: 35) and because they are traditionally considered to influence the probability 
to adopt adoption rather than the timing of adoption. TECHCOMP was excluded from the selection 
equation because of collinearity with SIZE. 
8 See Williams (2005) for a discussion of the shortcomings of the proportional odds assumption. 
9 Our implementation somewhat deviates from the two-step traditional model of Heckman in the sense that 
our model of the effects of sample selection does not follow the traditional (simple linear) approach. For this 
reason, we have not adjusted the standard errors for the estimated GoLogit and Multinominal Logistic 
coefficients. This type of adjustment is likely to be quite complex and goes beyond the scope of our 
sensitivity analysis, which aims instead at providing a preliminary exploration of the effect of selection on 
timing of adoption.  
10 Recall that, as argued above, preference for vendor compatibility may, in principle, also delay adoption to 
the extent to what repeated purchases from the same vendor may also increase the fear of becoming locked 
in to a specific manufacturer. Our findings do not seem to support this hypothesis.    25
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TABLE I 
SUMMARY OF SELECTED EMPIRICAL STUDIES OF NETWORK EFFECTS 
TYPE OF STUDY  
INDUSTRY LEVEL  F IRM LEVEL 
 
REFERENCE I NDUSTRY T YPE AND PROXIES OF 
NETWORK EFFECT 
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TABLE II  
PATTERN OF LAN STANDARD ADOPTION (NO OF FIRMS) 
   <12  12-18  18-24  >24  % OF ADOPTERS 
ETHERNET  4  21 35 25  87 
FAST ETHERNET  7  12 32 24  76 
TOKEN RING  3  7 12 2  24 
FDDI  1  2 7 2  12 
ATM  0  0 2 0  2 
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TABLE III  
PATTERN OF ETHERNET AND FAST ETHERNET ADOPTION BY FIRM CHARACTERISTICS 
SAMPLE E THERNET F AST ETHERNET   
  <12 12-18  18-24 >24  <12  12-18  18-24 >24 
          
41% 2% 7% 14%  15% 3% 2% 10% 12% 
56% 2% 14%  20%  10% 3%  10% 20% 12% 





Regional  2% -  - 1% - 1%  - 1% - 
          
73% 3% 15%  24%  21% 6% 7% 24% 17% 
20% 1% 6%  7% 1% 1%  5% 5% 3% 
NO OF EMPLOYEES 
<500 
500-999 
1000-5000  7% -  - 4%  3%  - - 3%  4% 
          
9% - 1%  3%  2%  1%  - 4%  3% 
33% 2% 6% 13% 9% 2%  3% 5% 7% 





>10M  17%  -  3% 9% 4% 2%  4% 5% 4% 
          
26% 1% 3% 12% 7% -  2%  8%  6% 
58% 3% 17%  15%  12% 6% 9% 18% 14% 
TYPE OF NETWORK 
Internetwork 
LAN 
WAN 16%  -  1%  8%  6% 1%  1% 6% 4% 
          
50% 3% 9% 18%  18% 4% 5% 18% 14% 
27% 1% 9% 11% 3% 2%  3% 9% 5% 
10%  -  3% 3% 3% 1%  3% 1% 3% 
5% -  - 3% -  -  1%  2%  1% 





>500  3% -  -  - 1% - - 2%  1% 
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TABLE IV 
EXPLORING SAMPLE SELECTION BIAS. LOGIT SELECTION EQUATION.  
DEPENDENT VARIABLE: FAST ETHERNET ADOPTION 
INDEPENDENT VARIABLE 1 
0.722  BANDWG 
[0.399]* 
0.081  VENDCOMP 
[0.346] 
-0.976  PRICEEXP 
[0.361]*** 
0.203  TECHEXP 
[0.384] 
0.659  SIZE 
[0.321]** 
-1.694  SWCOST 
[1.947] 
-1.142  CONSTANT 
[3.038] 
Observations 







* denotes 10% significance level, ** denotes 5% significance level. 
*** denotes 1% significance level, Robust standard errors in brackets   33
TABLE V 
DETERMINANTS OF TIMING OF ADOPTION. ORDERED LOGIT AND ORDERED PROBIT ESTIMATION. 
DEPENDENT VARIABLE: STATUS 
INDEPENDENT VARIABLE O RDERED LOGIT O RDERED PROBIT 
  2 3 4 5 
-0.161 -0.172 -0.124 -0.130  TECHCOMP 
(PHYSICAL NE)  [0.286] [0.282] [0.170] [0.169] 
-0.435 -0.945 -0.281 -0.597  BANDWG 
(VIRTUAL NE) [0.472]  [0.487]*  [0.274]  [0.293]** 
-0.376 -0.536 -0.240 -0.331  VENDCOMP 
(VIRTUAL NE)  [0.377] [0.393] [0.210] [0.213] 
0.129 0.568 0.087 0.361  PRICEEXP 
[0.296] [0.345]* [0.167] [0.201]* 
-0.098 -0.266 -0.055 -0.170  TECHEXP 
[0.413] [0.413] [0.223] [0.223] 
 -2.787  -1.696  MILLS 
 [1.144]**  [0.704]** 
Observations 



















* denotes 10% significance level, ** denotes 5% significance level, *** denotes 1% significance level. 
Robust standard errors in brackets   34
TABLE VI 
DETERMINANTS OF TIMING OF ADOPTION. EXPLORING THE ROBUSTNESS OF RESULTS. GENERALISED 
ORDERED LOGIT AND MULTINOMIAL LOGIT MODEL ESTIMATION. DEPENDENT VARIABLE: STATUS  
GENERALISED ORDERED LOGIT M ULTINOMIAL LOGIT  INDEPENDENT 
VARIABLE  [0 vs. 1-2]  [0-1 vs. 2]  [0 vs. 2]  [1 vs. 2]  [1 vs. 0] 
-0.184 -1.122  0.623  1.134  0.511  TECHCOMP 
(PHYSICAL NE)  [0.357] [0.485]** [0.550]  [0.518]**  [0.414] 
-1.234 -0.949  1.649  0.634  -1.015  BANDWG 
(VIRTUAL NE) [0.641]*  [0.799]  [0.842]**  [0.800]  [0.743] 
-0.863 -0.77  0.907  0.547  -0.359  VENDCOMP 
(VIRTUAL NE)  [0.520]* [0.556] [0.546]*  [0.512]  [0.465] 
0.761 0.769 -0.895  -0.448  0.447  PRICEEXP 
[0.392]* [0.530] [0.543]*  [0.547]  [0.444] 
-0.345 -0.166  0.394  -0.210  -0.604  TECHEXP 
[0.414] [0.506] [0.553]  [0.552]  [0.433] 
-4.843 -1.959  3.485  -0.214  -3.699  MILLS 
[1.672]*** [2.491]  [1.754]** [1.869]  [1.650]** 
CONSTANT 7.781  4.964  -8.503  -3.229  5.274 
 [3.162]**  [3.843]  [4.053]**  [4.030]  [3.591] 
Observations 











* denotes 10% significance level, ** denotes 5% significance level, *** denotes 1% significance level. 
Robust standard errors in brackets. J=0 Pioneer, J=1Early Adopter, J=2 Laggard. 





Variable   Mean  S. D.  Min  Max  Observations 
STATUS 0.739  1.097  0  3  98 
BWDCOMP 1.890  0.780  1  4  98 
BANDWG 3.561  0.643  1  4  98 
VENDCOMP 2.612  0.713  1  4  98 
PRICEEXP 2.653  0.790  1  4  98 
TECHEXP 2.775  0.711  1  4  98 
SIZE 4.663 0.873  3  6  98 
SWCOST  0.739 0.142 0.400  1  98 
MILLS  0.299 0.443 0.001 2.651  98 
 